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Introduction
The classical model of colorectal carcinogenesis is the adenoma-carcinoma pathway that describes the accumulation of (epi)mutations in benign (non-invasive) adenomas which underpin the development of invasive carcinoma (Muto, Bussey, & Morson, 1975) . However, while the risk of developing colorectal cancer (CRC) is certainly increased by adenoma formation (Carvajal-Carmona et al., 2013) , it appears that few adenomas actually progress to cancer in a human lifetime. Bowel cancer screening programs detect approximately five 'high risk' adenomas for every cancer found (Logan et al., 2012; Zauber et al., 2012) , and longitudinal endoscopic surveillance of adenomas reveals that less than 2% of adenomas progress to cancer within three years (Hofstad et al., 1996) . Consequently, there appears to be a substantial 'evolutionary hurdle' that must be overcome for an adenoma to become invasive.
Immune predation is known to modulate and indeed suppress neoplastic growth (Grivennikov, Greten, & Karin, 2010) . The evolution of immune evasion is therefore likely to be a key barrier on the evolutionary path to malignancy. Newly arising somatic mutations in a tumor have the potential to generate neoantigens, which can then serve as targets for recognition and destruction by the cells of the immune system (in particular CD8+ cytotoxic T lymphocytes). However, due to the selection pressure imposed by the immune response, tumor cells often evolve strategies to avoid elimination in a process known as immunoediting (Dunn, Bruce, Ikeda, Old, & Schreiber, 2002; Grasso et al., 2018) . Such immune evasion has been described as a hallmark of cancer (Hanahan & Weinberg, 2011) , and there are many mechanisms by which tumor cells may escape immune predation, including, but not limited to, suppression of the cytotoxic T-cell response via expression of programmed death-ligand 1 (PD-L1), recruitment of immunosuppressive cells such as macrophages and neutrophils, and disruption of the antigen presentation machinery (Coffelt, Wellenstein, & de Visser, 2016; Khong & Restifo, 2002; Schreiber, Old, & Smyth, 2011; Vinay et al., 2015) .
In colorectal cancer, multiple lines of evidence suggest a critical role for immunological surveillance in regulating tumor growth. The degree of tumor-infiltrating T cells is highly prognostic in CRC, with greater infiltration associated with a better prognosis (Galon et al., 2006; Pages et al., 2009) , and moreover non-metastatic CRCs have an increased level of Tcell infiltration as compared to metastatic CRC (Pages et al., 2005) . Genomic analysis reveals that a higher predicted neoantigen burden is associated with increased tumor lymphocyte infiltration (Angelova et al., 2015; Giannakis et al., 2016) . Microsatellite unstable cancers (MSI+), that have a particularly high density of infiltrating lymphocytes (Dolcetti et al., 1999) and generate a high number of neoepitopes (Angelova et al., 2015; Giannakis et al., 2016) have generally good prognosis compared to MSI-tumors, and also are very responsive to programmed death 1 (PD-1) immune checkpoint blockade (Le et al., 2015) . Genetic evidence of immune evasion is very common in CRCs (Grasso et al., 2018) . Immune modulation studies in mouse models of CRC also provide support for a critical regulatory role of the immune system in colorectal carcinogenesis (B. G. Kim et al., 2006; Ngiow et al., 2011; Yu, Steel, Zhang, Morris, & Waldmann, 2010) .
The progression from adenoma to cancer likely requires the accumulation of multiple (epi)genetic mutations. While the overall single nucleotide alteration (SNA) burden appears comparable between adenomas and cancers, including SNAs for putative driver genes (Cross et al., 2018) , the burden of somatic copy number alterations (CNAs) is much higher in cancers. Intriguingly, few mutations in CRC show tumor stage specificity: only TP53 mutation and large-scale CNA are enriched in cancers (Cross et al., 2018) Moreover, analysis of the evolutionary dynamics of sub-clones within CRC indicates a lack of subclonal selection (Williams et al., 2018) suggesting that at the point of invasion, the founder cancer cell had already acquired all the alterations necessary for its malignant phenotype and also that the bulk of tumor cells were not experiencing differential immune predation. Thus, malignant potential and immune evasion may be established together when cancer growth is initiated, and conceivably immune evasion could be the key phenotypic trait governing transition from adenoma to cancer.
Here, we have investigated the role of immune escape in the evolution of colorectal cancer from precursor adenoma lesions. We hypothesized that immune surveillance represents a key hurdle that prevents the development of invasive cells within a benign adenoma. The acquisition of mutations responsible for progression must be balanced against the risk of accumulating multiple neoantigens that lead to immune-mediated suppression of tumor growth. To investigate this idea, we developed a computational model that simulates tumor evolution under immune predation in order to determine the expected patterns of immune activity and intratumor antigenic heterogeneity (aITH) throughout tumor progression from Modeling tumor-immune eco-evolutionary dynamics Evolution is mathematically described by a branching process, and tumor-immune interactions can be understood as ecological relationships. Thus, we simulate these ecoevolutionary dynamics by constructing a stochastic branching process model inspired by Lotka-Volterra equations of competition, predation, and mutualism (Figure 1 ), wherein tumor cells are "prey", T cells the "predator", and immunosuppressive cells the "mutualists". Clones, defined as the collection of cells that share the same mutations (including neoantigens), are the unit of selection in this model. With small probability, mutants are created during cell division, giving rise to new clones that inherit all parental mutations and carry an additional unique mutation associated with a neoantigen. Mutations potentially incur an evolutionary cost to the cell, since each neoantigen that arises from mutation stimulates immune attack (Coulie, Van den Eynde, van der Bruggen, & Boon, 2014) . The strength of attack is determined by a randomly assigned recognition potential between 0 and 1 (uniformly distributed), where the higher the value the greater the rate of immune kill. While most mutations are deleterious through this neoantigen acquisition, we also model three types of possible beneficial somatically-acquired alterations: driver mutations, ability to block immune attack, and ability to recruit immunosuppressive cells, each of which is described in more detail below. 
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Clones belong to one of three "species": normal epithelium (E), adenoma (CRA), and carcinoma (CRC), each with a specific division rate and carrying capacity (maximum population size) both of which increase through the progression to malignancy. We assume an epistatic model of progression (Fearon & Vogelstein, 1990) , such that the acquisition of two driver mutations by an epithelial clone leads to an adenoma clone; acquiring a further two driver mutations creates a carcinoma clone. We also model competition between species that could occupy the same space in the colon: E and CRA clones have only weak interactions because adenomas grow superficially to the epithelium, whereas to account for tumor invasion we assume that CRC clones are strongly interacting with both E and CRA clones.
The collection of antigens carried by a clone determines its immune kill rate. Since all antigens are inherited, this means that, in the absence of an escape mechanism, all descendant clones experience the same or greater immune predation than any of their ancestors. We assume that the number of T cells per antigen is proportional to the number of cells that carry the antigen, scaled linearly by the antigen's recognition potential. Thus, immune kill is determined using the clone's size and the sum of the recognition potentials for each antigen, and not through explicit modeling of T-cell dynamics. A time lag is also included such that an immune response to the clone's neoantigen is only activated after it becomes 'detected', where the probability of detection is determined by the total number of cells that carry the neoantigen and that neoantigen's recognition potential (see Supplement for details). Once a neoantigen is detected, all clones that carry that same neoantigen experience increased predation.
A clone can passively escape immune predation by 'getting lucky' and only acquiring neoantigens with low recognition potentials. Alternatively, clones can actively mitigate immune attack via two mechanisms: immune blockade (e.g. PD-L1 or CTLA-4 expression), and/or suppression of the inflammatory immune response via recruitment of immunosuppressive cells, (e.g. M2 macrophages and neutrophils) (reviewed in (Coffelt et al., 2016; Khong & Restifo, 2002; Schreiber et al., 2011; Vinay et al., 2015) ). Acquiring the ability to block immune attack has the effect of reducing the number of cells killed by immune predation. Recruitment of immunosuppressive cells can similarly reduce the kill rate, under the assumption that such suppressive cells reduce T-cell infiltration.
In addition to suppressing the anti-tumor immune response, immunosuppressive cells, such as macrophages and neutrophils, are also involved in wound repair, and are capable of remodeling the microenvironment to favor tumor growth (Coffelt et al., 2016; Galdiero, Varricchi, Loffredo, Mantovani, & Marone, 2018; J. Kim & Bae, 2016; Mantovani, 2014) . Recruitment of these cells thus likely provides an evolutionary benefit to tumor cells by increasing both their growth rate and the maximum size of a clone. We assume that the density of immunosuppressive cells is locally increased on clones that have acquired the ability to recruit those cells. As such, the growth benefits are experienced only by clones capable of recruitment, and not the entire tumor.
To better understand how the strength of immune escape affects progression, we conducted a sweep over the parameters that control how much (i) immune blockade protects cells, (ii) immune suppression protects cells, and (iii) recruitment of immunosuppressive cells increases growth. Parameters were selected such that there was equal coverage of growth and combined protection (the effects of simultaneous blockade and suppression on protection are multiplicative). For each of these parameters, we ran the simulation until a carcinoma was sustained for one year. If this did not happen, the simulation was re-run, and the process repeated until a carcinoma existed for a full year. For each parameter set we thus have one simulation that generated a carcinoma that successfully evaded immune elimination, and potentially several simulations where an adenoma or carcinoma was eliminated by immune predation.
The dynamics of two representative simulations using different parameter sets can be found in Figure 2 . Panel A shows a case where the tumor develops immunosuppression very early, allowing a broad range of recognition potentials to coexist. In contrast, the simulation in panel B does not allow for immunosuppression or blockade, forcing the tumor to 'get lucky' by only acquiring antigens with low recognition potential (note the scale of the immunogenicity axes). These examples highlight how aITH is affected by the ability to mitigate immune attack via niche engineering, as opposed to passive evasion through relying on low antigen burden. Protection Growth C uniformly low, whereas 'successful' CRAs could exhibit much greater levels of clonal diversity. Higher efficacy of immune escape reduced the time required for evolution of malignancy ( Figure 3C ). Values of protection due to immune blockade, protection from suppression, and growth benefits from recruiting immunosuppressive cells varied across our simulations. Transition from CRA to CRC occurred most rapidly in tumors that were strongly protected from immune attack (due to the combined protection of blockade and immunosuppression) and that had high growth benefits associated with recruited immunosuppressive cells. Immune escape facilitates this rapid transition because new clones experience low immune predation, and the generation of more clones increases the probability that one will acquire the necessary driver mutations to become the founder of a carcinoma. This result suggests that adenomas exhibiting higher concentrations of immunosuppressive cytokines, growth factors, checkpoint inhibitors, etc. may be at a higher risk of rapidly progressing to carcinoma, due to lack of immune control.
Figure 4
Tumor-immune ecology shapes aITH, with stronger immune escape leading to higher recognition potentials, higher antigen burden, and greater clonal diversity. A Model-predicted distributions of recognition potentials given a clone's immune escape phenotype, for all xCRA, CRA, and CRC. The color of each horizontal bin reflects the average weighted phenotype of the antigen's source clone that falls within that bin, where the weights are the source clone's VAF. B Clonal diversity for all xCRA, CRA, and CRC. C & D Tumor antigen burden as a function of tumor stage, colored by the weighted average escape phenotypes (C) of clones within each tumor, or average weighted recognition potential (D), where the weights are the clone size in the tumor.
The amount of ecological remodeling that occurs during immune escape determines patterns of aITH. Even when escape mechanisms are present, there remains some selection against antigens with high recognition potentials ( Figure 4A ). Any adenomas that do have such antigens and are only able to weakly mitigate attack, are rapidly eliminated by the predatory immune response (xCRA). In comparison, antigens with high recognition potentials can survive and progress to CRC if their source clone had the ability to protect itself from immune predation. CRA that have weak escape mechanisms must "get lucky", as only clones that acquire antigens with low recognition potential survive immune surveillance.
In Figure 4B , adenomas that are eliminated (xCRA) are characterized by low levels of diversity, as without protection, new clones that acquire a neoantigen and inherit ancestral antigens cannot survive immune predation, resulting in a monoclonal tumor. Conversely, as the strength of immune escape increases, so too does diversity, as there is weaker negative selection against new clones, which are always more antigenic than their ancestors. Figures 4C&D show the antigen burden, colored by phenotype ( Figure 4C ) and recognition potential ( Figure 4D ). Extinct adenomas are characterized by a weak immune escape phenotype and a handful of antigens that have high recognition potentials. On the other hand, adenomas that progress are characterized by a larger number of antigens, but selection against high recognition potentials remains strong. Carcinomas share these patterns, but in a more extreme form, i.e. compared to CRC that rely on passive escape, CRC with active escape have even higher clonal diversity and antigen burdens, being able to sustain more antigens with high recognition potentials. Figure 5 The tumor-immune eco-evolutionary status was characterized for a cohort of colorectal cancer tumors. There are three types of samples: adenomas (CRA), carcinomas (CRC), and "ca-in-ad" tumors (CIA), which are samples in which carcinomas (C-CIA) are emerging from a precursor adenoma (A-CIA). The tumor ecology was quantitatively described using 10 markers applied across a set of serial slices stained using multi-color immunohistochemistry. Stain segmentation of the set of aligned images created a composite image of the tumor ecology. Spatial interactions were determined by slicing the composite images into quadrats and then using the quadrat pixel counts to build a species interaction network. Here, the log of the quadrat pixel counts are shown for each of the 10 markers. The final "Suppression" column is the combined abundances of macrophages, neutrophils, and PD-L1. CK=epithelial cells, CD8=cytotoxic T cells, CD68=macrophages, Elastase=neutrophils, CD20=B cells, PD-L1=programmed death ligand 1, Ki67=proliferation, CD31=vasculature, SMA=activated fibroblasts, yH2AX=DNA damage.
Immune escape via ecological remodeling is a common phenomenon in colorectal cancer
Simulation results suggest that immune escape, driven primarily by immune suppression, occurs early and is required for progression from adenoma to carcinoma. In the model, escape mechanisms are modeled as phenotypes, but those phenotypes alter the ecology by recruiting immunosuppressive cells and/or blocking immune attack. Thus, the model predicts that there exists succession in the tumor ecology during progression, with a transition from a "hot" T-cell rich ecology, to one that is "cold" and immunosuppressive. This pattern would be accompanied by an increase in antigen burden and the presence of antigens with higher recognition potentials, due to the lack of negative selection against highly antigenic mutations.
We examined primary human tumors for evidence of these patterns. Specifically, we considered colorectal adenomas (CRA), colorectal carcinomas (CRC), and "ca-in-ad" (CIA) samples, that latter of which consist of a nascent carcinoma (C-CIA) emerging from its precursor adenoma (A-CIA) ( Figure 5 ). CIA samples not only allowed us to study an early stage of carcinogenesis, but they also provided a unique opportunity to directly compare a late adenoma and an early carcinoma within the same sample. Interestingly, CRA and CRC show the least amount of ecological heterogeneity, as revealed by PERMDISP2 (M. J. Anderson, 2006 ) ( Figure 6C ), while the transitory CIA stage seems to have a variety of ecological markers. This increase in heterogeneity supports the hypothesis of transition from a tumor-centric approach that defends against a "hot' immune response in CRA, into a niche-construction-based approach that "cools" the immune response in CRC which occurs at the point malignancy develops. The intermediary CIA stage would like rely on aspects of both approaches, until the mature CRC emerges and the tumor-centric protection is no longer necessary. A convergence on a common ecological remodeling strategy by CRC is likely the result of strong selection pressure imposed by the immune system.
In the model, changes in the immune response are initiated by the tumor, and therefore differences in the tumor microenvironment and immune composition should be correlated. We tested for this relationship using the Mantel test (Legendre & Legendre, 2012) to detect correlations between the ecological distances in immune-cell lineages (T cells, B cells, macrophages and neutrophils) and environmental factor distances (tumor cells, fibroblasts, PD-L1, and vasculature). Test results reveal that there is indeed a significant interrelationship between differences in immune composition and other aspects of the tumor ecology (p=0.001) ( Figure 6D ). Such a pattern is again consistent with hypothesis of eventual immune escape via immunosuppressive niche construction. 
Changes in abundance consistent with ecological remodeling during immune escape. The abundance of each marker was determined using multi-stain IHC, where the abundance is considered to be proportional to the number of pixels that were positive for each stain. All values were normalized by dividing the pixel counts by the total area of the tissue, which was masked to include only the adenoma/carcinoma, and exclude transparent pixels (i.e. areas with no tissue). For each table, the three major columns represents an alternative hypothesis for a set of statistical tests (minor columns): "greater" indicates an increase in the relative abundance for the titular stages; "less" means there was a decrease in the abundance; "two sided" indicates there are significant differences, which may or may not be directional. The color of each tile represents the significance of the test, where grey values indicate nonsignificance. A Changes in abundance of each marker from CRA to A-CIA. As an example, the left boxplot shows how the abundance of CD8 T cells significantly decreases from CRA to A-CIA, as indicated by the GITp test. B Assuming that carcinomas will always outcompete their precursor adenoma, changes in abundance during progression were estimated by testing for trends going from precursor adenoma A-CIA to the descendant C-CIA carcinoma and into a mature CRC. The boxplot on the left shows how the abundance of macrophages (CD68) increases with progression. C Intra-tumor changes in abundance were determined by using paired tests to compare each C-CIA to its own precursor A-CIA adenoma. The example paired plot on the left shows how the abundance of neutrophils (Elastase) is higher in each C-CIA compared to its ancestral A-CIA. KWrst= Kruskal-Wallis rank sum test, AKWTp=Approximative Kruskal-Wallis Test (permutation), GITp= General Independence Test (permutation), ALbLATp= Approximative Linear-by-Linear Association Test (permutation), JnTt= Jonckheere-Terpstra test.
The model predicted that adenomas that aggressively progressed to carcinomas were more likely to have developed a component of immune evasion through niche construction ( Figure  3) . Using a combination of frequentist and permutation tests, we examined the trends in cell abundance between CRA and A-CIA samples ( Figure 7A ) and found that the adenomas from CIA samples (i.e. those that are known to have given rise to their adjacent carcinoma) have a decrease in cytotoxic T-cell abundance and an increase in macrophage presence, compared to the CRA samples that likely include many benign adenomas that would never progress. This is consistent with the hypothesis from the model that progressing adenomas will have a "colder" immune ecology at the time of transformation into carcinoma. Furthermore, PD-L1 decreases from CRA to A-CIA, suggesting less reliance on immune blockade and suggesting that PD-L1 expression is preventing CRA from being eliminated, but niche engineering through immune suppression is vital for adenomas to progress further.
To investigate the trajectory of adenomas to full-fledged carcinomas, we assume that the progression from A-CIA to C-CIA to CRC is representative of what occurs in patients when a late adenoma becomes a full mature carcinoma. Consistent with the model's prediction that the process of escape begins early and continues through progression, we see significant increases in potentially immunosuppressive macrophages (CD68) and neutrophils (elastase), as well as PD-L1, consistent with what one would expect during a continued shift to an immunosuppressive ecology ( Figure 7B ).
We also examined the pairwise ecologies of each A-CIA and its emerging C-CIA within each CIA sample ( Figure 7C ) using paired statistical tests. As in the cohort analysis, we see a consistent trend across all CIA samples that the carcinoma, compared to its neighboring precursor adenoma, has significantly higher abundances of macrophages, neutrophils, and proliferating cells (Ki67). These intra-tumor trends provide further evidence that carcinomas are remodeling their ecology to create an immunosuppressive environment.
Given the spatial information present in the samples, we created species interaction networks (Blonder & Morueta-Holme, 2017; Morueta-Holme et al., 2015) , using the composite images generated by WSIR. The weights of each pairwise cell-cell interaction were then used to test if the spatial distribution of cells further supports the hypothesis of ecological succession. Figure 8A shows a representative CRC sample stained for tumor cells (CK), cytotoxic T cells (CD8), and neutrophils (elastase), showing that the neutrophils have infiltrated the tumor, while the T cells are spatially segregated. Indeed, for the set of CRC samples ( Figure 8B ), cytotoxic T cells and tumor cells are found in different areas, while tumor cells and PD-L1 are frequently found together. As in Figure 7 , we examined the changes in spatial interactions arising during progression from A-CIA to C-CIA to CRC ( Figure 8C ). Among the many changes in interactions, the most relevant to immune remodeling are the increases in interactions between tumor cells and PD-L1; and tumor cells and neutrophils. Decreases were observed in the interactions between cytotoxic T cells and tumor cells; and between neutrophils and cytotoxic T cells. This supports the hypothesis of a shift from hot to cold tumor ecologies, given an apparent breakdown of T-cell infiltration and engagement of the tumor cells. It is worth noting that while the overall abundance of cytotoxic T cells did not change significantly during progression, their spatial localization with respect to tumor cells did change significantly. This highlights the importance of taking spatial distributions into account when investigating the ecologies of each stage of progression.
While not as varied, some evidence of niche construction is evident in pairwise analysis of A-CIA and C-CIA within each CIA sample. As with the changes observed during progression of CRA to CRC, the interaction between tumor cells and neutrophils is significantly stronger in C-CIA than within their precursor A-CIA. This, again, suggests that immune remodeling is occurring within the nascent carcinoma.
Figure 8
Spatial analysis of interactions reveals a temporal succession from a hot immune ecology to one that is cold. For each sample, the series of multi-stained IHC images were aligned and divided into quadrats. The abundance of marker in each quadrat was then determined. This process creates a composite image of the tumor ecology, with each quadrat containing the abundances of multiple cell types. The quadrat counts can then be used to visualize the spatial distributions and to construct interaction networks. A Spatial segregation between cell types within a representative CRC sample. B Spatial species interaction networks were constructed using the quadrat counts. In this example chord diagram, the links indicate interactions, the width of each link is proportional to the strength of the interaction, and the color defines the direction of the interaction, where negative means the two cell types are found in different areas, and positive values indicate the two cell types are found together, after having taken indirect effects into account. C Changes in interactions assuming changes during progression are similar to the changes from A-CIA to C-CIA to CRC. Greater (less) indicates an increase (decrease) in the interaction during progression. D Paired tests were used to detect intra-tumor changes in cell-cell interactions, by comparing A-CIA adenomas to their descendant C-CIA carcinomas.
Taken together, these data indicate the generation of significantly different ecologies across tumor stages, and are consistent with the changes the model suggests we should observe before, during, and after active immune escape. Benign CRA stimulate a strong T-cell response and lack immune suppression, and thus appear to remain under immune control, if not removed altogether. However, recruitment of, and interactions with, immunosuppressive cells continue to increase through progression from late adenoma (A-CIA) to mature carcinoma (CRC), while there is a simultaneous drop in immune predation, generating an ecology supportive of tumor growth.
Observed patterns of antigenic intra-tumor heterogeneity consistent with immune escape
The eco-evolutionary dynamics of immune predation and escape shape aITH. Simulations reveal that antigen burden and the distribution of recognition potentials are good indicators of whether or not the immune system is successfully responding to the tumor ( Figure 9A ). In the absence of immune suppression or blockade, antigen burdens are small and recognition potentials are low. Conversely, if active immune evasion has occurred, selection against immune recognition is relaxed, and both burdens and the recognition potentials are free to increase. Among the adenomas from patient samples, there are several samples that have low burdens and high recognition potentials, versus one that has a higher burden and low recognition potentials ( Figure 9B ). As these lesions were resected, it is impossible to know which ones would have progressed. However, the pattern of aITH of the former is similar to those simulated adenomas that were eliminated (xCRA, Figure 9A) , having low burdens but high recognition potentials, thus suggesting that these samples may have been subject to strong predation and likely to be controlled, if not eliminated, by the immune system. However, CRA sample S has a higher burden and lower recognition potentials, which more closely resembles adenomas that had progressed (CIAs). It is noteworthy that within both observed adenomas and those that go extinct in simulations, there is a negative relationship between burden and recognition potential, which is again consistent with simulated tumors that have not yet mitigated immune attack, as there remains strong negative selection against acquiring antigens with high recognition potential. It is possible that adenoma S was persisting due to passive escape.
Overall, the observed patterns of antigen burden and the distribution of recognition potentials from A-CIA to C-CIA to CRC are consistent with what one expects under increasing development of active immune escape (Figure 9 ). In particular, the antigen burden of CRC is significantly higher than the other tumor stages (Tukey's HSD for CRC vs. CRA p=7.7e-9, CRC vs. A-CIA p=2.3e-7, CRC vs. C-CIA p=3.3e-12). Compared to CRA, CRC also have significantly more antigens with higher recognition potentials (Kolmogorov-Smirnov test p=0.01). In Figure 9B , it is striking that the observed C-CIA samples have lower antigen burdens than their precursor A-CIA adenomas. However, this same pattern is observed in the simulated tumors ( Figure 9A ), and is due to the carcinomas emerging from an adenoma clone. As these nascent carcinomas are recent descendants of an adenoma, insufficient time had elapsed to generate clonal diversity within the carcinoma component.
In simulated tumors, directional selection against antigens with high recognition potentials relaxes as the strength of immune escape increases, facilitating the existence of tumors with high antigen burdens. This is visible in Figure 9A , which shows that the strong negative 
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relationship between recognition potentials and antigen burden observed in adenomas that go extinct (xCRA) weakens during progression, evidenced by the trendline that switches from being negative to one that is more flat. However, in simulations, lower recognition potentials are always advantageous to tumour cells, as immune attack is never completely alleviated. It is therefore remarkable that in patient samples, the observed negative relationship between burden and high recognition potential in CRA becomes positive in tumors that have transformed (CRC), or are in the process of doing so (CIA) ( Figure 9B ). This pattern suggests that selection against high recognition potentials is dramatically reduced during progression, in other words that cancers have evolved the ability to (near completely) escape immune predation.
Discussion
Our analyses reveal that immune evasion is fundamental in the evolution of benign colorectal adenomas to malignant carcinomas. CRAs are characterized by high cytotoxic T cell abundance, low macrophage abundance, low antigen burden, and high recognition potentials. This 'hot' ecology and pattern of aITH is consistent with simulated adenomas that lacked escape mechanisms and were eliminated by immune predation. We thus conclude that these (currently) benign CRA have yet to break out of the immunogenic bottleneck.
Adenomas that are known to have progressed (i.e. A-CIA) have initiated the process of remodeling the ecology to suppress immune attack, a process that continues from nascent to mature CRC. This is evidenced by increasing abundances of macrophages and neutrophils, tumor interactions with neutrophils and PD-L1, all of which is accompanied by decreases in cytotoxic T-cell interactions with tumor cells. The result of this process is the generation of a 'cold' ecology, defined by tumor cells, neutrophils, and vasculature, an ecology shared by all CRCs. Modeling predicts that under such high immune suppression, antigen burdens should be large and high recognition potentials are tolerated, and indeed, the patterns of aITH observed in clinical samples fit this pattern. Taken together, these results strongly suggest that passage through the immunogenic bottleneck that facilitates evolution of CRC begins early, and is driven by immunosuppressive niche engineering.
Neutrophils appear to play a particularly important role in engineering the cold CRC ecology. Their abundance increases not only through CRC progression, but also from the adenoma to the adjacent carcinoma region within the same tumor (i.e. A-CIA to C-CIA). The same can be said for their interactions with tumor cells. In addition to vasculature and tumor cells, presence of neutrophils also distinguishes CRC from CRA.
Analysis of IHC highlights the importance of considering spatial context when examining tumor-immune interactions. Despite the fact that there are not significant differences in the abundances of cytotoxic T cells during progression, there is clear spatial segregation of cytotoxic T cells and tumor cells in later stages. Only by analyzing the spatial structure does it become clear that cell-cell interactions between tumor cells and cytotoxic T cells decrease during progression, allowing later-stage tumors to effectively avoid predation.
The conclusion that niche engineering is initiated early and facilitates passage through the immunogenic bottleneck has important clinical implications. Stimulating immune predation may be ineffective in the presence of immunosuppressive cells and/or if there is spatial segregation of tumor cells and cytotoxic T cells. Indeed this may explain why checkpoint inhibitors and DC vaccines, which are intended to enhance cytotoxic T-cell attack, have limited efficacy in microsatellite stable (MSS) CRC (Kalyan, Kircher, Shah, Mulcahy, & Benson, 2018; Passardi, Canale, Valgiusti, & Ulivi, 2017) . Instead of aiming to re-activate T cells, it may be more effective to re-engineer the ecology to be hot, possibly by re-polarizing immunosuppressive cells, a treatment currently being explored for macrophages (Brown, Recht, & Strober, 2017; Genard, Lucas, & Michiels, 2017; Kulkarni et al., 2018) .
A second clinical implication of niche engineering being initiated early is that the tumor ecology and pattern of aITH present in CRA may be a prognostic marker for progression.
Modeling suggests that the rate of progression from CRA to CRC is determined by the tumor ecology. Simulated CRA with hot ecologies progressed more rapidly than those that had colder ecologies. One might thus expect that a CRA with a hot ecology, large antigen burden, and high recognition potentials, would be at a higher risk of progressing than a CRA that is cold and has a low antigen burden. If immune ecologies are correlated between multiple adenomas that arise in patients, then measurement of intra-adenoma immune ecology could determine a patient's future risk of developing CRC.
The eco-evolutionary model provides insights into the status of tumor ecology and aITH under varying degrees of immune escape. While most CRC appear to have undergone extensive immunoediting during the transition from CRA, the model also describes tumor ecology and aITH when escape mechanisms are weak or non-existent. We propose that a patient's tumor ecology and aITH can be compared to these predicted patterns to get a sense of how protected the tumor is from immune predation. For example, a CRC sample with a pattern of aITH that is consistent with passive escape (i.e. avoiding elimination by having antigens with low recognition potentials) may have a potentially effective anti-tumor immune response, and may therefore be a good candidate for immunotherapy that increases the efficacy of cytotoxic T cell attack. In this way, the simulation results may be of clinical utility in guiding treatment decisions through measurement of tumor ecology and aITH.
In summary, we provide evidence of a critical role for immune predation in preventing colorectal malignancy, and further the necessity of evolving immune escape mechanisms is the key bottleneck in disease progression.
variant annotations and netMHCpan (Jurtz et al., 2017) , NeoPredPipe is specifically designed to handle multi-region sequence samples. Only MHC-class I neoantigens were assessed for peptides of 8, 9, and 10-kmer lengths. A minimum cut-off of 500nM binding affinities were used to be considered a putative neoantigen. To assess T-cell receptor binding potential an implementation of Łuksza et al.'s (Łuksza et al., 2017) recognition potential algorithm implemented within NeoPredPipe was used.
Dual colour immunohistochemistry (IHC)
Sequential dual colour IHC of 10 markers was performed according to standard protocol. Briefly, 4µm serial sections were dewaxed, rehydrated and immersed in 3% hydrogen peroxide for 20 minutes to quench endogenous peroxidase activity. Antigen retrieval was carried out at 95 o C for 20 minutes in sodium citrate buffer (pH 6.0), unless otherwise specified (Supplementary Table 2 ). After cooling, sections were incubated with blocking buffer (PBS supplemented with 2% goat serum and 1% bovine serum albumin) for 1 hour at RT. Primary antibodies were diluted in blocking buffer and applied for 1 hour at RT or overnight at 4oC (see Supplementary Table 2 for antibody details). Sections were then incubated with a biotinylated secondary antibody at RT for 45 min, followed by incubation with streptavidinbiotin peroxidase solution at RT for 45 min. Visualization of the first antibody binding was carried out using DAB, according to the manufacturer's instructions (Vector Labs, Peterborough, UK). Slides then underwent a second round of antigen retrieval, generally at 95 o C for 5 minutes in sodium citrate buffer (pH 6.0), before applying the blocking buffer for a further 1 hours at RT. The second primary antibody was then applied (see Supplementary  Table 2 for details), followed by incubation with a biotinylated secondary antibody at RT for 45 min and incubation with streptavidin-alkaline phosphatase. Visualization of the second antibody binding was performed using Fast Red, according to the manufacturer's instructions (Abcam, Cambridge, UK). Finally, sections were lightly counterstained using Gill's haematoxylin, and allowed to dry before mounting and digitizing using the Pannoramic 250 high throughput scanner (3D Histech, Budapest, Hungary).
Computational image analysis
All image processing was conducted using OpenCV (Bradski, 2000) , scikit-image (Walt et al., 2014) , and scikit-learn (Pedregosa et al., 2011; Schreiber et al., 2011) for the Python programming language.
Stain segmentation using support vector machine
Reliably separating brown (DAB) from red (Fast Red) is a challenging task, and so a support vector machine (SVM) was trained to estimate the probability that a pixel is positive for DAB, Fast Red, or is background. Four features were used to train and predict: the pixel's RGB values, and the stain color descriptor (SCD) (Khan, Rajpoot, Treanor, & Magee, 2014) . Three individuals performed the staining, and a SVM was created for each individual. In all cases, the accuracy of each SVM is above 90%.
Each image was sliced into 1000x1000 windows, and for each pixel in the window the SVM estimated the probability that the pixel is positive for each of the three stains. The SVM's prediction was only accepted if the probability of correct classification was above 0.95.
Pixel classification generated a mask that indicated whether or not the pixel is positive for that stain. Once the stains in each window were segmented, they were stitched back together to create the full size image of the segmented stain. For each dual-stained image there were thus two full sized masks. The process was repeated for each image, generating 11 masks indicating positivity for each marker.
A) A cohort of colorectal cancer tumors were examined for the presence of immune escape. There are three types of samples: adenomas, carcinomas, and "ca-in-ad" tumors, which are samples in which carcinomas are emerging from the (presumably) precursor adenoma. Analysis of the tumor ecology was conducted using whole slide image registration performed on a set of dual stained serial sections for a total of 10 markers. Neoantigen recognition potential was predicted using from multi-region whole exome sequencing. B) Each sample has multiple regions that are analyzed independently by masking the area in the original image. C) Whole slide image registration is conducted on the entire set of IHC images, such that after registration the images are aligned with one another. D) A support vector machine was used to predict the probability each pixel is positive for either DAB or Fast Red. Classification was only accepted if the probability was greater or equal to 0.95. E) The transformation matrices found during registration were used to warp the segmented images so that they aligned, creating a composite image of the tumor ecology. The composite image was then sliced into quadrats and analyzed using a variety of tests from ecology.
Whole Slide Image Registration
The goal of image registration is to align all of the sample's images to one another, generating a composite image in which all markers are correctly positioned relative to one another. To accomplish this, we determined, for each sample, which marker in the set of images had the most features in common with the other images in the set. The image with the most common features was used as the training image, and only the features in the query images that were common to all images were used to find the transformation matrices. The features detected in each image were KAZE features (Alcantarilla, Bartoli, & Davison, 2012) , and matching was accomplished using brute force.
For each image, the matched features were used to find the affine transformation matrix, ! that would to align each query image with the training image. Following the rigid affine transformation, enhanced correlation coefficient maximization (ECC) was used to find the homography matrix, ! , which would better align each query image to the training image (Evangelidis & Psarakis, 2008) . ! and ! were found using processed images that had been resized to have dimensions less than 1000 pixels in width and/or height. Therefore, the transformation matrices were scaled such that they could be applied to the full size images, which often have dimensions greater than 20,000 pixels in width and/or height. The transformations were applied to the images of segmented stains. This process yielded a composite image, in which each channel is a mask defining which pixels are positive for that marker. This composite image was then used to quantify direct cell-cell interactions.
Ecological Image Analysis
Description of the tumor ecology within and across various stages was accomplished using a variety of methods. Cell abundances (assumed to be proportional to the number of pixels positive for each stain) were measured from the un-registered images, normalized by tissue size, and then used to determine if there were directional changes over time, i.e. if there were significant increases or decreases in abundance during progression from late adenoma to mature carcinoma. The significance of these trends was determined using a combination of frequentist and permutation statistical tests. Using the registered composite images, a similar analysis was conducted to determine if there are directional changes in spatial interactions between the various cell types. This was accomplished by first dividing the composite image into quadrats, and then counting the number of positive pixels in each quadrat. The quadrat counts were then used to construct a species interaction network (Blonder & Morueta-Holme, 2017; Morueta-Holme et al., 2015) , whose coefficients were compared across stages. In addition to testing for these interstage trends, paired tests were used to determine if there were significant intra-tumor changes in cell abundance and interactions. This was accomplished by comparing the carcinoma (C-CIA) to its precursor adenoma (A-CIA) in the same CIA sample.
Several ecological tests were used to compare tumor-immune ecologies across stages. We quantified and compared the amount of ecological homogeneity within each tumor stage, using multivariate homogeneity of group dispersions (PERMDISP2)(M. J. Anderson, 2006) . Permutational multivariate analysis of variance (PERMANOVA) was used to determine if there were significant differences in the structure of the ecological communities of each tumor stage, which was then visualized using constrained analysis of principal coordinates (CAP) (Marti J. Anderson & Willis, 2003; Oksanen et al., 2018) . Using indicator species analysis, we determined which, if any, cell types define the different tumor stages (De Cáceres & Legendre, 2009 ). Finally, the Mantel test was used to determine if differences in the immune ecology and microenvironment are correlated (Legendre & Legendre, 2012) , as might be expected to occur during tumor instigated immune remodeling.
The types of analyses of each composite image can be divided into two categories: tissuewide, in which the positive pixel counts (PPC) for the whole region was used; and spatial, in which the PPC per quadrat were used. For the tissue wide analysis, there were 12 adenoma, 24 ca-in-ad, and 15 carcinoma samples for markers H2AX, CD68, CK, Elastase, CD20, Ki67, SMA, CD8, and CD31. For PD-L1 there were 11, 18, and 14 samples respectively. Not all image alignments were successful, so there were fewer samples used in the spatial analysis. For the spatial interactions, only samples that had all markers aligned were used, and there were 9, 14, and 5 samples respectively.
The ecological analysis was conducted using the tissue-wide PPC. For each marker, PPC was normalized by dividing the marker's PPC by the number of opaque pixels in the sample, thus counting only pixels that are within the tissue. The number of opaque pixels was determined using Ki67 images, as all samples had Ki67 images, and also because staining for Ki67 was conducted by one individual (A.B.) . To avoid having replicates for only some samples, PPC in the two adenoma regions within each CRA and CIA sample were summed and then divided by the total number of opaque pixels in the two regions.
A distance matrix, which compares tumors based on the whole collection of markers, is required for many of the ecological tests we performed. We tested all combinations of distance metrics and normalization methods in the vegan R package (Oksanen et al., 2018) and found that the Jaccard distance on log-scaled PPC most often had adjacent adenomas in CIA samples as being the most similar to one another, as would be expected. It should be noted that the Jaccard distance in the vegan package is not the same as a traditional Jaccard distance, but more of a variant of the Bray-Curtis distance. Thus, we performed the analysis on log-scaled data and a distance matrix constructed using the Jaccard distance. PERMANOVA, PERMDSIP2, CAP, and the Mantel tests were all conducted on this distance matrix.
Spatial interaction networks were calculated using the samples that had successful alignments. In each of these samples, the PPC in each quadrat were used. Interaction networks were constructed for each sample, using two methods. In both cases, a "site" is considered to be a quadrat from the composite image. The first uses partial correlation with a spatially explicit null model. To account for spatial autocorrelation, the null model was generated using LOESS regression of the observed abundances, as suggested in (Blonder & Morueta-Holme, 2017) . The R package netassoc was used to estimate the interaction coefficient based on partial correlation (Blonder & Morueta-Holme, 2017) .
A suite of statistical tests were used to detect significant changes in marker positivity, colocalization, and direct cell-cell interactions. Several methods were used to find those results that were robust, as those that were found to be significant across multiple tests are most likely to be true. The two-sided Kruskal-Wallis rank sum test, two-sided approximate Kruskal-Wallis Test, and two-sided General Independence Test were used to determine there were differences between the tumor subtypes CRA, A-CIA, C-CIA, and CRC. Assuming that the carcinomas will take over the adenomas in the ca-in-ad samples, and thus develop into carcinomas, one can test for trends in the data by setting the timing order of A-CIA-> C-CIA -> CRC. Having ordered the subtypes, one-sided Approximative Linear-by-Linear Association Test and the Jonckheere-Terpstra test were used to determine if there a significant increase or decrease across groups (Seshan, 2018) . The Conover-Iman test of multiple comparisons using rank sums was used as the post-hoc test to determine which subtypes were significantly different from one another (Dinno, 2017) .
The paired-tests looking for differences between A-CIA and C-CIA included the General Symmetry test and the Wilcoxon rank sum test. As with the tests comparing all subtypes, the two-sided version of these tests was used to detect differences, and the one-sided test was used to detect the presence of trends and the direction of those trends.
The two-sided approximate Kruskal-Wallis Test, General Independence Test, General Symmetry test, and Approximative Linear-by-Linear Association Tests are permutation tests and were conducted using the coin package for R (Hothorn, Hornik, Wiel, & Zeileis, 2008) .
Mathematical model
A non-spatial, branching process, agent based model (ABM) was developed to simulate tumor evolution under immune predation and escape. Each agent in the model is a clone composed of cells carrying the same set of mutations. In the model each clone j from one of the three ! species is composed of !" cells, where the species are: normal epithelial cells, E, when = 0; adenoma cells, CRA , when = 1; and carcinoma cells, CRC, when = 2 . Each species has a species-specific growth rate, ! , and carrying capacity, ! . New clones are created during division, and, in addition to inheriting all ancestral antigens and mutations, each new clone also acquires a unique neoantigen, ! , that stimulates a predatory T-cell response. Clones may protect themselves from immune attack by evolving the ability to express mechanisms that protect from immune attack, such as checkpoint inhibitors like PD-L1 or CTLA-4. Another escape route is evolving the ability to recruit immunosuppressive cells, such as neutrophils and macrophages, that not only protect from T-cell attack, but also release growth factors that can increase growth rates. New clones may also acquire driver mutations that allow the clone to evolve into a new species, with progression from E (0-1 driver mutations), to CRA (2-3 driver mutations), to CRC (4+ driver mutations).
Simulations were initiated with a genetically homogeneous epithelium composed of 10 ! cells. Cells died at rate of 0.01 cells per day, but divided at different rates depending on which species the clone belonged: E clones had an inherent division rate of 0.07, CRA 0.11, and CRC 0.24. The maximum size (i.e. carrying capacity) of each species also varied: the maximum number of E cells was 10 ! cells, 10 ! cells for CRA, and 10 ! cells for CRC.
In keeping with the observation that there are few driver loci in colorectal cancer [Vogelstein], the probability of "hitting" a driver gene was 0.009, meaning that the total chances of creating a clone with a new driver mutation is 2e-5. The probability of acquiring the ability to mitigate immune attack is even lower, being 0.0005, and such that the probability of creating a new clone with the ability to either suppress or block immune attack is 1e-6. New clones only acquire one new mutation, but over time it is possible to have a mutant that has accumulated all driver mutations and both escape mechanisms. Finally, it should be noted that neutral passenger mutations are not modeled, and as such, model predictions regarding genetics focus exclusively on antigenic intra-tumor heterogeneity (aITH).
The cellular mutation rate of was calculated as follows. Assuming that the exome has 2e7bp and that the base pair mutation rate per replication is 10e-10 ( Lek et al., 2016; Wielgoss et al., 2011) , the probability that there is at least one mutation in the exome per cell per division is 0.0027 = 1 − = 0, = 2 7, = 10 − 10 .
Clonal dynamics
Clonal dynamics are modeled by modifying the Lotka-Volterra competition model to create a difference equation that simulates inter-and intra-specific competition and immune predation, under the presence of genetic drift, at each time point (Equation 1):
Equation 1 Assuming that clonal growth is logistic, the total number of new cells a clone is expected to produce during a time step is determined using Equation 2. The immunosuppressive cells recruited by clones (assuming they have evolved the ability and !" = 1) are modeled to produce growth factors, that increase that clone's growth rate by factor ω. Random variation in the number of new cells is simulated by drawing a random variate from the Poisson distribution, using Clones lose cells in three ways. First, cells die at a constant death rate, δ. Second, clones lose cells due to competition with other species. As adenomas grow on top of the epithelium, we assume that competition between E and is negligible. In contrast, carcinomas invade adenomas and the epithelium, and so we model competition between E & CRC, and CRA & CRC. Simulating these interactions is accomplished using the Lotka-Volterra competition model, sing the competition matrix, α (Equation 5). As
!"
! yields the number of cells that would be created in the absence of competition, and !"
! is the number of cells created in the presence of competition,
! is the number of cells that were lost to competition. The third way in which cells may be lost is through immune predation, which removes cells at a rate proportional to the clone's antigenicity, which is determined by the recognition potential of the clone's neoantigen and all inherited ancestral antigens (Equation 3). However, the kill rate due to immune attack is reduced if the clone has evolved the ability to escape immune attack, either by protecting itself from T cells (i.e !" = 1), or by recruiting immunosuppressive cells (i.e. !" = 1).
!" Given the three ways in which clones may be lost, the number of cells expected to die each time step is the sum of the number lost to homeostatic death, !"
! , the number removed by immune predation,
! , and the number lost to competition, !"
! . The expected number of dead cells can be used to draw a random variate from the Poisson distribution, thus adding variation in the number of cells removed due to death. Adding random variation to the number of cells created, !" ! , and random variation to the number lost to death, !" ! , allows for the simulation of genetic drift, an important evolutionary force that plays a crucial role in determining whether or not new clones survive.
Based on the number of number of new cells created during division, !" ! , and the gene mutation rate, , clones generate !" ! = = !" ! , = mutants each time step. Each of the !" ! newly created clones inherits all ancestral mutations and antigens. This branching process generates a non-binary tree , , in which each vertex ( ) is one of the !" clones, with edges ( ) between parental clones and each new child clone. Given this tree, each clone can access any of the ancestral clones in
